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ABSTRACT 


With the increasing complexity, changing trend and high non-linearity of techniques in exploring adversarial behaviours, 
Artificial Intelligence (AI) plays a significant role in current cybersecurity, which provides more advanced methodologies 
for discovering threat circumstances automatically, unlike static or semi-dynamic traditional intrusion detection systems. AI 
technologies like machine learning (ML) and deep learning (DL) can process large datasets in a few milliseconds and have emerged 
far stronger than traditional rule-based detection methods to detect new patterns or previously unseen threats, including zero- 
day attacks and advanced persistent threats. This paper uses the lead AI models used in threat detection (supervised learning 
unsupervised learning- and multiple approaches) to achieve better accuracy. Al-based systems have disrupted the cybersecurity 
landscape, but adversarial attacks, false positives, and data privacy remain challenges. This paper concludes that with in-depth 
insights into Al's current embodiments and shortcomings, future progress viz Explainable AI (XAI) and predictive models will 
likely define the cybersecurity landscape. 
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1. Introduction can adjust to new and emergent threats, ensuring real-time threat 


. . ee ae identification and mitigation with higher precision. 
In this ever-evolving threat landscape, malicious activities 8 gner p 


have become more frequent and complex, and traditional rule- 
based detection systems cannot keep up with sophisticated attack 


Whether supervised learning, unsupervised learning or 
somewhere in between, Al-driven cybersecurity solutions 


vectors. Traditional cybersecurity methods, including signature- 
based detection, regularly overlook zero-day vulnerabilities or 
complex advanced persistent threats (APTs),prompting a rising 
requirement for agile and smart threat recognition systems. 


In this scenario, Artificial Intelligence (AI) is positioned 
as one of the core elements to tackle these shortcomings and 
tackle them with a dynamic, scalable, and efficient way to detect 
threats. AI models, especially those using machine learning (ML) 
and deep learning (DL), can assimilate large stores of collected 
data over time to uncover anomalies and anticipate risks through 
behaviour analysis. Unlike classic systems, Al-based models 


perfectly combine these methods to bolster their line of defence 
against current-gen cyber threats'. The implementation of deep 
learning models such as Convolutional Neural Networks (CNNs) 
and Recurrent Neural Networks (RNNs) has been successful in 
detecting sophisticated behavioural patterns which represent 
malicious activities’. These models are well suited to analyze 
vast amounts of complex data and have a signal-to-noise level. 
They are an invaluable tool for protecting critical infrastructure 
and sensitive data as they can easily spot small abnormal 
behaviours within network traffic or user behaviour. 


Nevertheless, there are still challenges despite the AI-driven 
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progress. Current Al-driven systems are constrained by 
adversarial attacks that hijack the weaknesses in the models, 
false positives as failure modes to be managed and data privacy 
as a requirement that can fundamentally inhibit their abilities - 
but this is where we are, of course. This paper aims to investigate 
the effectiveness of AI in threat detection, determine the primary 
barriers holding it back, and discuss future developments that 
can improve its capacity for security purposes. 


2. Threat Detection by AI Techniques 


The detection and mitigation of potential cybersecurity 
threats are now performed entirely through Artificial Intelligence 
(AI). Machine learning (ML) and deep learning (DL) are critical 
techniques that allow organizations to process large data sets for 
anomaly detection and responses to real-time threats—more on 
this in upcoming paragraphs. In this section, we present a detailed 
chapter of these tools with models and methods that have been 
successful in cyber threat identification and counteraction. 


2.1. Models for threat detection 


As a result, machine learning (ML) capabilities in 
cybersecurity are indispensable as they can analyze massive 
data and find patterns that might be hard for human tech 
professionals or standard systems to detect. Two of the most 
salient ML methods employed in cybersecurity are supervised 
and unsupervised learning. 


2.2 Bagging Supervised Learning Models 


These are supervised learning models, where the model is 
trained on labelled datasets (i.e., the relationship between a known 
input and output is learned, e.g. hunting for known malware)). 
About Supervised LearningThe most common supervised 
learning algorithms include Support Vector Machines (SVMs), 
Decision Trees, and Neural Networks. They are powerful at 
identifying known threats - for instance, malware or phishing 
attacks - through learning from historical data. 


This table compares different kinds of supervised learning 
algorithms for threat detection, as shown in table 1: 


Algorithm Advantages Challenges 

Support Vector | High accuracy for binary | Requires careful tuning 
Machines (SVM) classification tasks of parameters 

Decision Trees Simple to interpret and | Prone to overfitting 


fast to train with complex datasets 


Neural Networks Can handle complex | Computationally 
data structures and | intensive and requires 
relationships large datasets 


Comparison of Supervised Learning Algorithms in Threat 
Detection Table 1 


SVMs have been well-received for detecting anomalous 
connections in network traffic data. They are widely used in 
malware signature detection’. Neural networks have also been 
leveraged for more advanced threat detection use cases, such 
as identifying zero-day attacks by spotting small variants of 
malicious patterns that traditional models might not recognize’. 


Unsupervised Learning Models Unsupervised learning 
models describe an underlying distribution of data without a 
training label. 


Unsupervised Learning: Unlike supervised learning models, 
unsupervised learners do not include labelled data. This is 
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especially handy in models working with anomaly detection/ 
outlier detection, which might be either novelty detection or 
time series data forecasting. K-means and hierarchical clustering 
are clustering algorithms that group data points with similar 
characteristics to identify abnormal behaviour. 


As stated above, unsupervised deep learning has much to offer 
in identifying insider threats-someone attacking from within the 
organization. Anomaly detection finds the odd stuff happening 
that is indicative of potential user abuse. Tuor et al. showed that 
unsupervised deep learning-based anomaly detection techniques 
can be effective in discovering insider threats without needing 
signature-based attack indicators”. 


2.3. DL-Based Intelligent Threat and Advanced Threat 
Detection 


DL is the subset of machine learning that works best for 
processing a huge amount of data and complex datasets. It works 
well against advanced and persistent threats like Advanced 
Persistent Threats (APTs) and malware variants. DL models like 
Convolutional Neural Networks (CNNs) and Recurrent Neural 
Networks (RNNs) can learn hierarchical features from raw 
data, commonly found in cybersecurity applications, to identify 
higher-level patterns. 


2.3.1 Convolutional Neural Network: CNNs have been 
applied to cybersecurity problems mirror images (for example, 
malware detection based on binary structure). CNNs achieve this 
by representing the binary data of files as images and applying 
convolutions to allow the detection of patterns associated with 
malicious behaviour. This method has succeeded with new 
malware that can be identified and weighted according to its 
structure’. Recurrent Neural Networks (RNNs). 


RNNs are most suitable for processing sequential data like 
network logs or user actions across time. They can hold on to 
data from previous steps in a sequence, making them adept 
at identifying patterns that emerge over time, like the modus 
operandi of APTs. Models like RNNs can observe network 
traffic over long periods, detecting small anomalies that might 
indicate an ongoing cyber attack’. The RNN architecture for 
network intrusion detection is shown in Figure 1 below. 


2.4 Hybrid Models & Intrusion Detection System (IDS) 


One of the more recent trends is leveraging hybrid models 
that unite best-of-breed AI and machine learning algorithms. 
Yulia Danchenko, IBM Data Scientist on the Trusted AI team, 
explains how we combined Machine Learning and Deep 
Learning to build stronger and scalable solutions for Intrusion 
Detection Systems (IDS). 


The hybrid model-based IDSs use both signature-based 
detection (for known threats) and anomaly detection (for 
unknown threats). By integrating supervised learning models 
that can detect known malware and unsupervised learning that 
can identify anomalies in network traffic, hybrid models offer 
a more holistic solution for protecting against new-generation 
cyber threats’. 


2.5 Advantages of Hybrid Models 


Higher Accuracy: Using a variety of techniques can decrease 
the number of false positives and negatives produced (which 
could lead to some stories being lost or other network flows 
being thrown into the cycle), thus flagging for greater accuracy 
when it comes to threat detection. 
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Hybrid model: These models are well-suited to supporting 
large and complex networks, making them ideal for protecting 
enterprise environments due to their scalability. 


Detection in Real-Time: Using deep learning for real-time 
detection of sophisticated threats and machine learning models 
to detect known threats. 


Table 2: The core difference between IDS vs Al-driven Hybrid 
IDS model 


Feature Traditional IDS | AI-Driven Hybrid IDS 

Detection of Known | Effective Highly effective 

Threats 

Detection of Unknown | Limited Excellent (using 

Threats unsupervised learning) 

False Positive Rate High Lower (due to advanced 
detection models) 

Scalability Limited Highly scalable 


Table 2: Traditional IDS vs AI-Driven Hybrid IDS. Hybrid 
methodologies can give organizations the edge in real-time threat 
detection and mitigation, lowering the overall risk for cyber 
security attacks. Explainable AI (XAI) can be incorporated into 
hybrid models to increase transparency in AI systems’ decision- 
making process, allowing security professionals to trust better 
and interpret the outputs’. 


3. Challenges and Considerations 


Although Al-driven threat detection has the upper hand 
over traditional methods, it has its downfalls. Challenges in 
unlocking the full potential of AI in cybersecurity include 
adversarial attacks, false positives and negatives, data privacy 
concerns, and scale. This section explores some key challenges 
in AI deployment across threat detection systems. 


3.1 Adversarial Attacks 


The most significant threat facing Al-based cybersecurity is 
the possibility of adversarial attacks in which bad actors subtly 
change inputs to fool an AI model. These inputs are infamous as 
adversarial examples: samples that fool the AI into classifying 
a harmful action as safe. This attack is treacherous because it 
leverages the weaknesses in some pretty advanced AI models, 
using them to water down their efficacy. 


Insider threats are a subset of adversarial examples that 
can change data to cause deep learning models to misclassify 
malware or wrongfully classify otherwise benign network 
traffic’. Adversarial training is a variety of AI model training 
that trains on adversarial examples’. However, this approach is 
far from robust and more grounds must be covered. 


4.2 False Positives and Negatives 


Balancing fewer false positives and negatives poses one of 
the biggest challenges to Al-powered threat detection systems. 
This happens when a system incorrectly identifies legitimate 
activity as malicious, creating needless alerts and potentially 
swamping security teams. False positives, on the other hand, are 
bad detections that waste time analyzing when there is no actual 
threat — likely leading to consumer churn — or worse, false 
negatives, which mean we missed detecting a real threat and 
therefore exposed users to a serious security breach. 


This is especially true for anomaly detection models that 
detect anomalies as data points or events about some expected 
ribbon (distribution of normal observations). While these models 
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provide a way to detect novel threats, their sensitivity generally 
leads to high false-positive rates’. 


Table 3 below outlines the trade-offs between false positives and 
false negatives in Al-driven cybersecurity systems: 


Error Type Definition Impact 


False Positive Wastes resources; leads to 


alert fatigue 


Incorrectly flags 
activity as a threat 


benign 


Leads to undetected 
breaches and data loss 


Fails to detect malicious 
activity 


False Negative 


Trade-offs Between False Positives and False Negatives in AI 
Models (Table 3) 


3.3 Data Privacy and Security Issues 


The sheer volume of data needed to train AI models has 
unique privacy and security challenges. Many AlI-based threat 
detection systems rely on sensitive or personal data (like network 
traffic logs, user behaviour, etc.....) to do their magic. If this data 
is not securely stored and processed, it could become a target for 
attackers, leading to breaches’. 


In addition, the proliferation of tough data protection laws 
like the European General Data Protection Regulation (GDPR) 
restricts how personal data should be collected, stored and 
processed more than ever. Failing to represent AI models in such 
regulations will expose organizational models to legal actions’. 
Not only can biased or incomplete datasets negatively affect the 
use of AI, which affects its threat detection performance when 
we talk about how it works in practice, but an increase in false 
positives results. 


3.4 Scalability Issues 


One more unresolved conundrum that AI breeds in the 
cybersecurity field is scalability. Even though AI models are 
powerful in threat detection, scaling them up to tackle large, 
complex networks will not be easy. Deep learning models, in 
particular, need high computational power and should work 
in real-time situations’. Smaller organizations have trouble 
competing with the big boys and often need more people and 
infrastructure to operationalize such advanced models. 


This means AI models serving these organizations must 
be able to process huge amounts of data while maintaining 
detection accuracy. Researchers are exploring approaches such 
as distributed computing and federated learning to address 
scalability. However, these techniques are mostly in preliminary 
stages?. 


4. Future Directions 


Furthermore, the rise of artificial intelligence (AI) raises a 
powerful opportunity to develop better cybersecurity threat 
detection and mitigation capabilities. AI is still evolving and 
has a long way to go; some of the few up-and-coming trends 
or innovations that are expected to be dominant in shaping 
tomorrow’s Al-driven cybersecurity systems include: This 
part will be releasing the prominent perspective directions 
like Explainable AI (Phaedra Ax) along with forecasting of AI 
types and an introduction of Collaborative AI system to counter 
worldwide cyber threats as influenced by our available texts. 


4.1 Explainable AI (XAT) 


The black-boxen nature of current AI models is indeed 
one of the critical challenges in cybersecurity, where human 
operators cannot understand how decisions are made. This lack 
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of transparency can foster doubt in the system, especially when 
Al-powered models make consequential decisions around threat 
identification and remediation. Explainable AI (XATI) addresses 
the need for humans to understand why an AI system makes 
a specific decision—making AI systems more transparent, 
interpretable, and trustworthy’. 


While traditional ML methods detect malicious behaviour, 
XAI focuses on producing models that identify threats and 
explain why they came to these decisions. Interpretability of 
complex models is especially vital in finance, healthcare, and 
government, where regulation and human input are paramount. 
XAI helps enhance the trust posture and ensures security analysts 
can act quicker against cyber threats by providing rationale 
behind AI decisions. 


Figure 3 To simplify CYBERSECURITY decision-making, this 
is shown in Figure 3. 


Explainable Al 


Lapta to tustty yplain mpa Popisi wee Pepan io improve 


Figure 3: Explainable AI vs Traditional AI in Cybersecurity. 


This is what the future of XAI holds. It should enable 
Al-driven threat detection systems to provide explanations 
when predicting or inferring that a certain action must be taken 
so that security teams can better comprehend, believe or trust an 
AI recommendation. This would also allow compliance with the 
recently adopted General Data Protection Regulation (GDPR) 
regulations, stipulating transparent decision processes regarding 
data processing and protection’. 


4.2 Predictive AI Models 


A second infinitely better vector in applying AI to security 
is instead a trend towards predictive approaches, not reactive. 
Today’s AI systems focus mainly on threat detection after the 
fact; however, predictive AI is designed to predict and stop 
threats before they occur. Predictive models can provide early 
warnings of emerging threats and suggest proactive strategies 
by analyzing historical data and identifying patterns suggesting 
increased vulnerabilities’. 


The main application of predictive AI in network security is 
to provide intelligent traffic monitoring and identify any early 
signs that may precede an attack. Predictive models can detect 
when patterns or behaviors from network activity data are out 
of the ordinary and may indicate a breach. The advantage of 
a proactive stance means that organizations can better protect 
themselves from data breaches and other cyber incidents upfront. 


The key advantages of predictive AI models over traditional 
AI approaches are summarized in Table 4. 


J Artif Intell Mach Learn & Data Sci | Vol: 2 & Iss: 2 


Feature Traditional AI Predictive AI 

Detection Timing | Detects threats after they | Anticipates and prevents 
occur threats 

Data Usage Analyzes historical and | Focuses on historical data 
real-time data for forecasting 

Response Reactive (post-detection) Proactive (prevention) 

Application Real-time threat detection | Threat prediction and 

vulnerability assessment 


Table 4: Traditional AI vs Predictive AI Models. 


Predictive AI is a big step forward for the cybersecurity 
industry, which has traditionally worked on a defence paradigm 
and finally moved to an offensive approach: auto-remediation 
of threats. Predicting and detecting an attack in advance helps 
organizations anticipate attack threats before they happen, 
providing proactive measures to avoid or limit damages caused 
by cyber threats’. 


4.3 Collaborative AI Systems 


AI machine platforms will be incorporated with each 
other, allowing multiple Al-driven systems from different 
organizations to work together to detect and respond collectively 
on a more global scale. Collaborative AI allows organizations to 
share real-time threat intelligence, making it possible to quickly 
streamline detecting spiralling threats, thereby enhancing the 
overall cybersecurity ecosystem’. 


Federated Learning (FL) creates collaborative AI models 
trained over thousands or millions of decentralized devices or 
organizations without raw data leaving any one device in the 
learning process. This approach enables organizations to leverage 
a larger training data set without exposing privacy or security 
data. They are designed to ensure that no single organization 
has complete visibility into the data but rather learns only from 
its own while sharing insights with other models, improving the 
system-wide detection capabilities of cyber threats on a global 
scale’. 


These platforms will also help facilitate a coordinated 
response among an ecosystem of organizations by sharing threat 
data. Pooling resources and combining AI models enable these 
platforms to identify newly emerging threats more accurately 
and respond quicker, together with a coordinated defence’. 


This figure is a high-level architecture of a collaborative AI 
system for threat detection: 
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Figure 4: Collaborative and Lokation-based Threat Detection 
using AI System Architecture. 


Collaborative AI refers to systems operating as a virtual 
security advisor. It ushers in a new era in cybersecurity in which 
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we can move beyond siloed protection mechanisms and truly 
work together to fight threats. 


5. Conclusion 


Today, Al-driven threat detection is essential to contemporary 
cybersecurity strategies, with enhanced capabilities in detecting 
and responding to advanced cyber threats. This paper presented 
an overview of the main AI approaches, namely Machine 
Learning (ML) and Deep Learning (DL), their use cases, and 
current issues that must be tackled before realizing AI’s potential 
in cybersecurity. 


e Advanced Threat Detection: Al-based models, such as 
supervised and unsupervised learning algorithms, are 
much more accurate than traditional rule-based systems in 
detecting all known and unknown threats, including zero- 
day attacks and Advanced Persistent Threats (APTs). 


e Ultimately, machine learning models are also really good 
at detecting anomalies. I.e., supervised learning algorithms 
like Support Vector Machines (SVMs) and Decision 
Trees can find known malware in much the same way as 
NLP techniques; meanwhile, unsupervised approaches 
such as anomaly detection are superb for identifying 
lateral movement in westward-ho operators and generally 
suspicious behaviours lying outside implied ‘norms’ for 
some portion of network or system activity. 


e Better Threat Detection: Convolutional Neural Networks 
(CNNs) and Recurrent Neural Networks (RNNs) are well- 
suited for handling large, complex data sets, minimal 
differences in network behaviour and detecting potential 
sophisticated threats such as APTs. 


e Hybrid models: Combining features of machine learning 
and deep learning techniques makes hybrid models more 
optimal for building robust and salable solutions for 
intrusion detection systems (IDS), resulting in enhanced 
detection performance in efficiently detecting known and 
unknown threat issues. 


e The big challenge is adversarial attacks. One of the key 
limitations of Al-based systems is their susceptibility to 
adversarial attacks. These attacks involve tricking them 
by introducing slightly modified data with ill intent, 
such as malicious actors fooling a particular system into 
misclassifying its image as benign rather than a threat. 
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e However, false positives and negatives continue to be 
an issue. AI models have come a long way in helping us 
pinpoint threats, but they can still become overwhelmed by 
the number of alerts—or miss one that turns out to be valid. 


e Data Privacy and scalability issues remain unsolved. 
Training AI models on large datasets pose immense data 
privacy challenges, particularly with regulations such as 
GDPR in place. In addition, making AI models that can 
handle large sprawling networks without losing detection 
accuracy is another thing. 


e Transparency will increase with the development of 
Explainable AI (XAI): Infrastructure being developed for 
Explainable AI (XATI) will play an important role in making 
processes built using artificial intelligence transparent. 
Explainable AI (XAT) will increase trust in AI decisions, 
guaranteeing compliance with current legal frameworks 
and business requirements by offering reasons regarding 
detected threats. 


e The future of AI in cybersecurity lies in predictive models 
which not only detect threats but also predict potential 
vulnerabilities and attacks long before they manifest. 
Improving that from reactive to proactive detection of 
threats will substantially enhance the defences of any 
organization. 


e Collaborative AI systems will bolster global cybersecurity 
— Collaborative AI, powered by mechanisms such as 
Federated Learning, will allow organizations to exchange 
real-time threat data, improving overall global security by 
enabling swift identification and response against growing 
threats. 
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